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ABSTRACT 

 

Automatic segmentation of tumor plays a vital role in diagnosis and surgical planning. This paper deals 

with techniques which providing solution for detecting hepatic tumor in Computed Tomography (CT) 

images. The main aim of this work is to analyze performance of tumor detection techniques like Knowledge 

Based Constraints, Graph Cut Method and Gradient Vector Flow active contour. These three techniques 

are computed using sensitivity, specificity and accuracy. From the evaluated result, knowledge based 

constraints method is better than other graph cut method and gradient vector flow active contour. 
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1.INTRODUCTION  
 

The liver is the largest gland in the body which plays a vital role in keeping us alive. Its function 

include storing vitamins and nutrient, producing proteins used for blood clotting, and creating bile 

used for digestion. Two types of cancer affect the liver, primary cancer and Metastasized cancer. 

The American cancer society’s estimates for primary liver cancer and intra hepatic bile duct 

cancer in the United States are about 33,190 new cases will be diagnosed and about 23,000 

people will die of these cancers. The percentage of liver cancer has been rising slowly for several 

decades. Liver cancers is seen more often in men than in women.  

 

CT imaging remains the best modality for liver metastases. The imaging of hepatic metastases 

answers several roles: the evaluation of suspected lesions, preoperative planning, and the 

monitoring of treatment and post-treatment follow up. Computed Tomography (CT) provides 

significantly better image quality than Ultra Sound (US) and is most widely used imaging 

techniques. CT is currently the most common imaging modality for detecting and characterizing 

liver lesions.  
 

The segmentation of the liver tumors  in the CT images is a challenging task that is even 

complicated by the clinical prospect of this work. Indeed, the structures to segment vary widely 

and often a striking resemblance exists between tumors and other tissues. Hence the images from 
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clinical routine should be handled by the tumor detection techniques. To detect the tumor in the 

CT images three methods of tumor detection techniques are used they are Knowledge based 

constraints, Graph cut method and Gradient Vector Flow active contour. In this study, datasets of 

different patients were processed using the above automatic mentioned method. The results were 
computed using sensitivity, specificity and accuracy by comparing it with respect to manual 

segmentation carried out by an expert radiologist 

 

1.1.MOTIVATION AND JUSTIFICATION 
 

The detection of liver tumour is a challenging task and is achieved on CT images because this 

modality is the most common for the diagnosis of hepatic tumour. Without the use of Computed 

Tomography (CT) medical decision are rarely taken. The trained clinicians were manually done 

the segmentation of tumour lesions from CT slice image to identify tumour .  

 
S.-J. Park, K.-S. Seo, and J.-A. Park.[14], proposed a method that first apply intensity histogram 

transformation for segmentation of the liver and a posteriori classification resulting in a binary 

mask. After morphological processing is applied to the mask, the tumors are located within the 

mask area. K.-S. Seo.[6], proposed a method it segments the liver first, then by using the optimal 

threshold value hepatic tumor is segmented with minimum total probability error. This approach 

produces diverse false positives, but promising results are obtained.  

 

Ciecholewski et al [10],proposed a method which segmented the liver using the contour model, 

and then enhance the image using histrogam transformation. Region growing algorithm using 

intensity distribution is proposed by Zhao et al. [17]. In Arakeri et al.[1], seed points are selected 

automatically using modified region growing algorithm and also it proposed a method to find the 

threshold value using  automatic region growing method that incorporates fuzzy c-means 

clustering algorithm. Massoptier and Casciaro.[12], firstly, the liver is segmented by the approach 

statistical method then the tumor is classified by analyzing the wavelet. Chen and Metaxas [3], 

used  Markov Random Field (MRF) estimation and also Deformable models to segment the 

tumors. 

 

Shang et al. [16] presented active contour model with an embedded classifier, based on a 

Gaussian mixture model fitted to the intensity distribution of the medical image to segment liver, 

vessels and lesions.Lu et al. [9] , also used the active contour  for which initial contour is 

specified manually to obtain the tumor boundary. Segmentation based on Watershed algorithm 

[5] in this method edge detection, the watershed algorithm and region merging approaches are 

used. In Knowledge-Based Constraints[13] Firstly, the  gray level intensity  contrast was 

enhanced; secondly, the image was added to itself, then, to isolate tumor directly the contrast 

between liver and tumour is large enough to use the threshold ; thirdly, the image is segmented by 

threshold based method; Since it is sensitive to noise ,the morphological filter was employed as 

the post-processing.  

 
Marius George Linguraru.[11], Firstly, Statistic adaptive threshold initialization is done. From the 
threshold image user needs to select seed point with the label the object and background. Then 
the image is represented in an undirected weighted graph. Every node of image represents each 
pixel. The segmentation is obtained in cut of the graph. Each region represents a sub graph. 
Sergio Casciaro[15] proposed a method in which the tumor is separated first by thresholding 
method. Gradient Vector Flow (GVF) is the external force field for the active contour.  
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The main problem in tumour detection techniques are computational time, false positive rate, 

initial assumption. The whole segmentation process take not more than few minutes in order to 

satisfy the speed standards. The different approaches for liver tumour detection have been 

developed but the best method is not identified by any research groups. Motivated by this 

concept, an attempt is taken  to implement and evaluate the tumour detection techniques for CT 

liver image. The detection of tumour using CT image give good results compared to  MRI scan 

images.  Justified by this, it is essential to evaluate the performance of such already existing 

techniques for the practical application. 

 

1.2.OUTLINE OF THE PROPOSED WORK 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

Fig 1  Block Diagram for performance evaluation of tumour detection techniques 
 
 

Fig.1. is the overall working model for tumour detection techniques based on Knowledge Based 

Constraints, Graph Cut Method and Gradient Vector Flow active contour methods. First, the CT 

Liver image is given as the input. This input undergoes contrast stretching, pixel addition, 

Gaussian smoothing, thresholding and morphological operation. Finally, segmented tumour area 

is obtained. 

Original Liver CT 

image 

Contrast Stretching 

Adding Pixels to Itself 

Gaussian Smoothing 

Iso-data Threshold 

Morphological Filters 

Gaussian Filter 

Thresholding 

Seed Points 

Gradient Vector Flow 

active contour 

Graph cut method 

Segmented Liver Tumor Segmented Liver Tumor 

Performance Evaluation 

Segmented Liver Tumor 

Liver tissue are 

Noise removed image 

Binary image 

Image after noise 

Finding source and 

terminal node 

Binary image 

Finding tumour region (black) 

and background(white) 



International Journal on Computational Science & Applications (IJCSA) Vol.5, No.3, June 2015 

 

28 

 

Next, inputting the liver CT image to graph cut and Gradient Vector Flow active contour method. 

First, the pre-processing process like Gaussian filter and thresh holding is done. From this seed 

points are detected which undergoes further segmentation to detect accurate tumor area with 

graph cut and Gradient Vector Flow Active contour method. Finally, performance is evaluated for 

these three techniques using sensitivity, specificity and accuracy. 
 

1.3.ORGANISATION OF  THE PAPER 
 
Rest of the paper is organized as follows. In the Section II various tumor detection techniques are 
discussed. And section III is the experimental result and performance analysis. Finally, section IV 
is the conclusion and the future scope. 
 

2.VARIOUS TUMOR DETECTION METHODS 
 

2.1.KNOWLEDGE BASED CONSTRAINTS(KBC) 
 

First, Segmenting the liver structure from the CT image, then the similar gray level liver 
parenchyma and tumor tissues is obtained by enhancing the contrast of the segmented slice. This 
can be done by selecting the range for stretching, so that over enhancement is avoided. Here, 
linear contrast stretching is used to increase the difference between liver tissue and tumors.   
 

 
 

Fig 2  Liver with tumor 
 

 
 

Fig 3 Liver after Linear Contrast Stretching 
 

There are several methods for contrast stretching, such as Selective histogram equalization, direct 
stretching with the linear relationship, linear stretching according to the fitting curve and 
nonlinear stretching with the logarithmic transformation, direct stretching with the linear 
relationship shows good result[19], formula applied to this performance is  number (1): 
 
 

					�� = �′��� − �′�
�
���� − ��
�

	�� − ��
� + �′�
� 

 

                
(1) 
 
 

  
where, I is the gray level before transformation and I′ is the gray levels after transformation, 
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respect.  I′max   is the highest gray level after transformation and I′min is the lowest gray levels 
after transformation, Imax  is the maximum gray level and Imin is the minimum gray level in the 
liver region before the transformation. Finally, liver and tumor is differentiated by its gray level 
using linear contrast stretching. Formula(2), to add the enhanced image to itself is. 
 

R (i, j) = I’(i, j) + I′( i, j)                                           (2) 
 
 
where R(i,j) is the image after applying this it will reach 255 and will appear as white. We obtain 
the pixels of tumor tissues dark. The result of addition is image background as well liver tissue 
that appears as white background with some pepper noise, and tumors that appears as dark spots 
with range of  gray levels. In order to remove the noise and make the region of tumor more 
homogeneous as in shown Fig. 3(a),Gaussian smoothing is used as in (3), where � is the distance 
from the origin in the horizontal axis, � is the distance from the origin in the vertical axis, and � 
is the standard deviation of the Gaussian distribution. 
 
 

���, � = 1
2��� 	�

��
����
���  

                      
(3) 

 
Next step is that isodata thresholding operation is done to turn the image into binary where the 
tumor region is appeared  as black blob on white space, followed by morphological hole filling 
operation like erosion and dilation as in Fig 4. 
 

 
 

Fig 4 Finally segmented tumor with Knowledge   Based constraints 
 
 

2.2.GRAPH CUT METHOD(GCM) 
 
The graph-cut approach is applied to the segmented liver structure to find the hepatic tumors.[2]. 
In the basic form, graph cuts suffer from the shrinking bias problem, particularly for segmenting 
elongated and small structures, such as the blood vessels and certain types of tumors. The 
segmentation of abdominal organs improved with the help of graph cut [8]. From the medical 
knowledge that tumors are generally circle like mask. For image segmentation ,the input data is 
given from which it will find a globally optimal cut through the graph. The initial Graph G = {V, 
E} where V is the nodes and E is the edges. Here we consider the pixel of image as nodes and 
there are two other additional nodes they are S(source) for object and T(terminal) for the 
background .4-neighbourhood system is considered to convert Image in to weighted graph. For 
each pair of nodes an edge is formed called n-link. The following formula(4) is to calculate 
weight function that is assigned for each n-link, 
 

																					��, = !��" #− �$%�$&�
��� '1/)*+,�", -.                (4) 
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where ��,  is a measure of the similarity of image intensities at pixels p and q. The seed points 

were generated automatically for the tumors by finding  thresholds in the data. The initialization 
is supplied as a set of pixels in foreground (object) and a set of pixel in background .The 
initialized regions are used to define the histograms for the region based segmentation. Here 
negative log likelihood’s are used to define the weights 
 

                         Rp(“obj”)=-lnPr(Ip|O);                           (5) 
 

                                                        Rp(“bkg”)=-lnPr(Ip|B)                                (6)           
 
 
where Pr(Ip|O),Pr(Ip|B) are the intensity histograms of object and background respectively. 
Implementation of this Graph cut segmentation uses the maxflow algorithm to segment the tumor 
from liver. 
 

 
 

Fig 5  Liver with tumour 
 

 

 
 

Fig 6 Final segmented tumour with graph cut 
 

2.3.GRADIENT VECTOR FLOW(GVF) ACTIVE CONTOUR 
 
The Gradient Vector Flow(GVF) active contour approach is applied to the segmented liver 
structure to find the hepatic tumors.Before the segmentation of liver tumour  in CT is done, the 
main step is to eliminate unwanted noise, so for that it is necessary to apply the Gaussian filter for 
removing all unwanted noises. After that seed points were generated automatically for the tumors 
by finding  thresholds in the data. 
Active contour is an energy minimizing spline, its energy depends on its shape an location within 
the image. An energy function E(c) can be defined on the contour as: 
 
  E�c = 	0
�1 + 02�1 (7) 
 
where, 0123�	and 0123� denote the internal and external energies respectively. The internal 
energy function determines the regularity, i.e. smooth shape, of the contour. A common choice 
for the internal energy is a quadratic functional given by  
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  0
�1 = 4 5|!�+|� + 7|!�+|�)+8
9  (8) 

 
 
Here,5  controls the tension of  the contour, and7 controls the rigidity of the countour. The 
external energy term that determines the criteria of contour evaluation depending on the image 
I(x,y),and can be defined as  
 

  02�1 = 4 0
�:;!�+<)+8
9  (8) 

 
 
 

0
�:��, �,denotes a scalar function defined on the image plane, so that local minimum of 0
�: 

attracts the snakes to edges. Solving the problem of snakes is to ind the contour that minimizes 
the total energy term  E using greedy algorithm with the given set of weights 
5	=>)	7.Initialization of object boundary is the limitation to use this model for segmentation, 
which can be overcome by other models. GVF snake [4] has been defined as an external forces to 
push the snake into object concavity. 
 
It is a 2D vector field V(s)=[u(s),v(s)], which minimizes the following energy functional 
 

E=∬@;A��+B�� + A�� + B��< + |∇D|�|v∇D|�)�)� (9) 

  
 

where,A�, B� , A� , =>)	A� are the spatial derivative of the field , @ is the regularization parameter, 

which should be set according to the amount of noise of the image and f is the gradient of the 
edge map which is defined as the negative external force i.e. F=- 02�1.The behavior of thee using 
Gradient Vector Flow (GVF) Snake Algorithm approach that is able to converge to boundary 
concavity can be explained from the Euler equation used to find the GVF field. These Euler 
equations are. 
 

@∇�A − �A − D�;D�� + D��< = 0 (10) 

 

@∇�B − �B − D�;D�� + D��< = 0 (11) 

  

where,  ∇�is the Laplacian operator . Compared to the bollon force, the using GVF Snake 

Algorithm approach is proven to converge relatively faster. This is caused by the external force 

employed by the using  GVF Snake Algorithm that make the capture range of the active contour 

bigger. Since the GVF uses the classical formulation , its basic principle is to diffuse the edge 

information from the object boundary to the rest of the image . The generation of using GVF 

Snake algorithm is iterative and computationally intensive. 

 

 
 

Fig 7 Liver with tumour 
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Fig 8 Final Segmented tumour with GVF Active contour 
 
 

3.EXPERIMENTAL RESULTS AND PERFORMANCE ANALYSIS 

 
In this, the tumour is segmented using KBC, GCM and GVF active contour. The result is the 
segmented tumor in CT image, but the detected result may vary according to the algorithm’s 
sensitivity, specificity and accuracy. If the specificity is high then, the tumour detection algorithm 
gives the result correctly. While checking the percentage of accuracy, if the percentage is high it 
will give the exact detection of liver tumour. Since this whole paper concentrated only on Liver 
CT so best algorithm can be chosen according to how much tumour is detected correctly covered 
by the algorithm 
 

3.1.EXPERIMENTAL RESULT 
 

This experiments calculate the performance of the tumour detection techniques for CT image. 

The segmented tumour from the liver structure by three techniques is displayed in fig 9. 
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Fig 9 Segmented Liver from CT image of different patients 

 
 

3.2.PERFORMANCE EVALUATION 
 
For performance measure the Sensitivity, Specificity and accuracy are computed as defined 
below:   
 

Sensitivity = NOPQRS	TU	VSOR	WTXYVYZRX
NOPQRS	TU	VSOR	WTXYVYZRX�NOPQRS	TUU[\XR	NR][VYZRX            (12) 

 

Speci_icity = NOPQRS	TU	VSOR	NR][VYZRX
NOPQRS	TU	VSOR	NR][VYZRX�NOPQRS	TUU[\XR	WTXYVYZRX           (13) 

 

Accuracy=
`3a2	bcd
1
e2	�`3a2	f2:�1
e2

gSOR	hTXYVYZR�	i[\XR	hTXYVYZR	�			gSOR	jR][VYZR	�	i[\XR	jR][VYZR	(14) 

 
Table 1 present the sensitivity, specificity and accuracy for segmented liver tumour image with 
manually segmented liver tumour images. 

Table 1 Sensitivity, Specificity and accuracy of various tumour detection techniques in percentage(%) 

 
 

Image 
KBC (%) GCM(%) GVF(%) 

Sens Spec Acc Sens Spec Acc Sens Spec Acc 

1 94 85 98 96 50 73 96 60 81 

2 98 84 98 87 84 96 99 50 66 

3 87 84 96 82 84 94 99 60 99 

4 88 85 96 88 78 90 98 86 98 

5 85 86 93 99 54 77 99 83 99 

6 93 85 98 95 84 98 99 50 66 

7 100 86 100 99 28 97 99 50 66 

8 100 86 100 99 40 70 99 79 99 

9 100 86 100 98 33 97 99 42 99 

10 99 81 98 93 84 97 99 79 99 
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Here 10 test images are considered and sensitivity, specificity and accuracy of each image is 
identified for above procedures and the average value is also calculated. It is observed that the 
knowledge based constraints is providing best result of more than 80%.But the result for other 
two methods provides lesser percentage for some images. So we go for calculating average 
percentage value. 
 

All three techniques are evaluated with sensitivity with the help of graph. 
 

 
 
 
 
 
 
 
 
 
 
 

 

 Fig 10 Performance evaluation based on Sensitivity 

 
From  fig 10, KBC and GCM performs better than GVF active contour.Now, Specificity is 
calculated for all three methods. 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 11. Performance evaluation based on Specificity 
 

From fig 11, KBC method performs better than other two methods. Finally, accuracy is calculated 
for detected tumor by three techniques 
 

 
 
 
 
 
 
 
 
 
 
 
 

Fig 12 Performance evaluation based on Specificity 
 
 

From this evaluation KBC method performs better than the GCM and GVF active contour.  
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4.CONCLUSION AND FUTURE SCOPE 
 

In this paper the analysis was done on CT liver image for detecting the tumour using KBC, GVF 

and GCM. Comparative study is done on these three techniques based on the sensitivity, 

specificity and accuracy. From the experimental results it is noted that GVF and KBC method is 

effective because it is having good accuracy, specificity and sensitivity. 

 

Further studies are guaranteed to correct the small areas that were misclassified. These 

corrections could be required in certain surgical planning application. This paper helps to obtain 

almost the tumour detected area correctly. Further researches also strive towards improving 

accuracy, precision, computational speed, automation and reduction of manual interaction.  
 

REFERENCES 
 

[1] Arakeri.M.P and Lakshmana. (2010) "Automatic segmentation of liver tumor on computed 

tomography images," in Proceedings of the International Conference and Workshop on Emerging 

Trends in Technology. Mumbai, Maharashtra, India: ACM. 

[2] Boykov. Y and Kolmogorov. V.(Sep.2004)“An experimental comparison of mincut/max- flow 

algorithms for energy minimization in vision,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 26, no. 9, 

pp. 1124–1137. 

[3] Chen.L and Metaxas.D.(2005) "A hybrid framework for 3D medical image segmentation," Journal of 

Medical Image Analysis, vol. 9, pp. 547-565. 

[4] Habib Zaidi, Torsten Rues , Frederic Schoenahl, and Marie-Louise  Montandon.(2006)’Comparative 

assessment of statistical brain MR image segmentation algorithms and their impact on partial volume 

correction in PET’,Elsevier,Neuroimage 32,pp.1591-1607. 

[5] Jianhua.L, Zhongyi.W, and  Rui.Z.(2009) "Liver Cancer CT Image Segmentation Methods Based on 

Watershed Algorithm," in International Conference on Computational Intelligence and Software 

Engineering (CiSE '09). Wuhan, China, pp. 1-4. 

[6] Kyung-Sik Seo and Tae-Woong Chung. (2005). ‘Automatic Boundary Tumor  Segmentation of a 

Liver’, In ICCSA 2005, pages 836–842. 

[7] Liang. Y,Yang. L, and  Fan. H.(2009)"Image enhancement for liver CT images," in International 

Conference on Optical Instruments and Technology: Optoelectronic Imaging and Process 

Technology, vol.7513, T. Yoshizawa, P. Wei, and J. Zheng, Eds. Shanghai, China:SPIE,  pp. 

75130K-75130K-8. 

[8] Linguraru M.G  et al.(2010)“Multi-organ segmentation from multi-Phase abdominal CT via 4D 

graphs using enhancement, shape and Location optimization,” in MICCAI 2010, New York, vol. 

6363, LNCS,pp. 89–96. 

[9] Lu.R,  Marziliano.P, and  Hua Thng.C. (2005) "Liver Tumor Volume Estimation By Semi-Automatic 

Segmentation Method," presented at 27th Annual International Conference of the Engineering in 

Medicine and Biology Society (EMBS '05), Shanghai, China. 

[10] Marcin Ciecholewski and Marek R. Ogiela. (2007) ‘Automatic Segmentation of Single and Multiple 

Neoplastic Hepatic Lesions in CT Images’, In IWINAC ’07: Proceedings of the 2nd international 

work-conference on Nature Inspired Problem-Solving Methods in Knowledge Engineering, pages 63–

71. 

[11] Marius George Linguraru*, William J. Richbourg, Jianfei Liu, Jeremy M. Watt, Vivek 

Pamulapati,Shijun Wang, and Ronald M. Summers.(2012)’Tumor Burden Analysis on Computed 

Tomography by Automated Liver and Tumor Segmentation’ in Medical Imaging, IEEE Transactions 

on  (Volume:31 ,  Issue: 10 ) Page(s):1965 – 1976. 

[12] Massoptier.L and Casciaro.S. (2008) "A New Fully Automatic and Robust Algorithm for Fast 

Segmentation of Liver Tissue and Tumors from CT Scans," Journal of European Radiology, vol. 18, 

pp. 1658-65. 



International Journal on Computational Science & Applications (IJCSA) Vol.5, No.3, June 2015 

 

36 

 

[13] Nader H. Abdel-massieh, Mohiy M. Hadhoud, and Khalid M. Amin. (2010)’Automatic Liver Tumor 

Segmentation from CT Scans with Knowledge-based Constraints’, in Biomedical Engineering 

Conference (CIBEC), 2010 5th Cairo International ,Page(s): 215 – 218. 

[14] Seung-Jin Park, Kyung-Sik Seo and Jong-An Park. (2005) ‘Automatic Hepatic Tumor Segmentation 

Using Statistical Optimal Threshold’ In ICCS, pages 934–940. 

[15] Sergio Casciaro, Roberto Franchini, Laurent Massoptier, Ernesto Casciaro, Francesco 

Conversano,Antonio Malvasi, and Aimè Lay-Ekuakille.(2012)’ Fully Automatic Segmentations of 

Liver and Hepatic Tumors From 3-D Computed Tomography Abdominal Images: Comparative 

Evaluation of Two Automatic Methods’,in Sensors Journal, IEEE  (Volume:12 ,  Issue: 3 ) 

Page(s):464 – 473. 

[16] Shang.Y,  Markova.A, Deklerck.R,  Nyssen.E,  Yang.X, and  de Mey.J.(2010) "Liver segmentation 

by an active contour model with embedded Gaussian mixture model based classifiers," in Optics, 

Photonics, and Digital Technologies for Multimedia Applications, vol. 7723, P. Schelkens, T. 

Ebrahimi, G. Cristobal, F. Truchetet, and P. Saarikko, Eds. Brussels, Belgium: SPIE, pp. 772313-7. 

[17] Zhao.B, Schwartz.L.H, Jiang.L,  Colville.J, Moskowitz.C, Wang.L, Leftowitz.R, Liu.F,  and  

Kalaigian.J, (2006) "Shape-Constraint Region Growing for Delineation of Hepatic Metastases on 

Contrast-Enhanced Computed Tomography Scans," Journal of Investigative Radiology, vol.41, pp. 

753-762.

 


